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(57) ABSTRACT

A method and system is disclosed for enabling the accurate
determination of price points (APRs), credit limits, and other
discretionary levels for each cardholder that maximize Net
Present Value (NPV) for the portfolio, given constraints on
quantities such as risk of default. In accordance with one
embodiment, the present invention uses a Markov Decision
Process (MDP) methodology to generate a simplified transi-
tion matrix representative of the potential state transitions for
account holders. This model applies account level historical
information on purchases, payments, profitability and delin-
quency risk to make these decisions. In addition, a data struc-
ture is disclosed constructed to implement a transition matrix
computationally in different sizes.

25 Claims, 8 Drawing Sheets
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Transition | From To To
1 12 11 From 11 12 13 21 22 23
2 13 12 11 0 0 0.5 0 0 0.5
3 12 11 12 1 0 0 0 0 0
4 23 12 13 0 1 0 0 0 0
5 11 13 21 0 0 0 0 0.5 0.5
6 22 23 22 0 0 0 0 0 1
7 23 21 23 0 0.5 0 0.5 0 0
8 21 23
9 11 23 Transition matrix
10 21 22
(a) (b)
FIG. 3
Transition | From | To (Beh) To (Behavior)

1 12 1 From 1 3

2 13 2 11 0 0 1

3 12 1 12 1 0 0

5 11 3 13 0 1 0

6 22 3 21 0 0.5 0.5

7 23 1 22 0 0 1

8 21 3 23 1 0 0

10 21 2

Transition Matrix
(a) (b)
FIG. 4



U.S. Patent Dec. 6, 2011 Sheet 4 of 8 US 8,073,767 B1

500

Three NPV Number Sets Generat

502 :
Agreement Between 15t Set and 3rd
Set is Determined

y

Transition Matrices Validated Using
Separate Validation Data Set ? F l G . 5

504
506—
Monte Carlo Simulations Run

ah

e

D

Jay




US 8,073,767 B1

Sheet 5 of 8

Dec. 6, 2011

U.S. Patent

1458 919

paag maN

A%
8]ejg pasolD

9 Ol

=T Ipteli=Tg)

909

009

0L9
809
I Ag\A,WXV T~
g A 109
/ d J g
\ —/ {
{ el el iy 0f 0
! s NUSS ) e (4 %)
- O x) e----- 25 \\ 19wl 0 8wy
(A %) d / [epow uodn e Qm%w BJElS |eliu|
b paseg cmxm._,/
@ P P \\\—.Q uonoy _NE:QO NO@
SBbeIBAY - Awg\ﬂ,.ng .A....\.\\\



US 8,073,767 B1

Sheet 6 of 8

Dec. 6, 2011

U.S. Patent

L 9Old

HNDS

¥0.

0041

prapy

A

\

911



US 8,073,767 B1

Sheet 7 of 8

Dec. 6, 2011

U.S. Patent

WG 7 A HdY 9568108 7 zZ 3 (3 t t G al 00Ok
ualoe oN | L Z b b | b I £
UDN2E ON z z | | | | | | g
000 £% 8UY 8sealou| | z | | | | | 3 b
Honoe oN 4 z | | L | L 3 o
%52 AQ ddy asesou] | Z | ! ] | | |
USIoE ON 14 L | L | | b 3 ;
00 1§ SUl| BsESoU| | } | } } | L |
UQRoE ON P4 L | | | | | | I
uonse oN b | ! | ! | L | |

uonoy jeundo gyeg | syeg | vued | fueg | Zyeg | Ly°g ddv aulT] oIRIS

uoniuyaqg 8els




US 8,073,767 B1

Sheet 8 of 8

Dec. 6, 2011

U.S. Patent

6 Old

000 02§<

000°0Z-000°8L$

000°8L-000'9L%

000'9L-000'vL$

000'¥1L-000°CL$

%07 G 000°ZL-000°0L%
%02-G L1 t 000°01-005'/$
%G L1-Gl ¢ 00G°2-00D°G

%G L-01 Z 000°6-000°2%

%0} > ] 000'2-0%

— || |n]|ol~|o|x|E

S|EAIU] MdV

S|BAIBIU] BUIT NPaLD




US 8,073,767 B1

1
METHOD AND SYSTEM FOR ENHANCING
CREDIT LINE MANAGEMENT, PRICE
MANAGEMENT AND OTHER
DISCRETIONARY LEVELS SETTING FOR
FINANCIAL ACCOUNTS

CROSS-REFERENCE TO RELATED
APPLICATIONS

This patent application is a continuation of U.S. patent
application Ser. No. 10/442,043, filed May 21,2003, which in
turn claimed priority to U.S. Provisional Patent Application
No. 60/426,799, filed Nov. 18, 2002. Each of these earlier
applications is hereby incorporated by reference herein in its
entirety.

BACKGROUND OF THE INVENTION

This present invention relates generally to the field of
financial modeling and more particularly to methods and
systems for constructing and implementing such models to
manage characteristics of a financial account portfolio, such
as a credit card portfolio, and for use in retail banking, bro-
kerage and insurance accounts in an effective manner.

Relating specifically to the bankcard industry, it is well
known that annual percentage rate (APR) and available credit
line of an account are critical factors influencing card usage
and, subsequently, bank profitability. Similarly brokerage
fees, retail banking loan rates, and yearly insurance re-pricing
influence profitability in those industries. In the credit card
industry, lower APRs and higher credit lines are more attrac-
tive to consumers. However, APRs that are too low may
reduce bank profitability, while indiscriminate line increases
may adversely affect risk management such as by dramati-
cally increasing credit loss exposure.

Balance accumulation and customer retention are impor-
tant goals for bankcard issuers, there are two broad
approaches to achieve this objective are: take unilateral action
to influence the desired behavior (i.e., increased card usage),
and take measures that require initial customer response
before the desired behavior results. Measures such as APR
credit line and fee adjustments and other pricing changes
generally fall in the first category. The second category gen-
erally consists of measures such as mailing convenience
checks, balance transfer checks and monthly statement
checks, each of which requires the customer to make the
decision to respond to the offer before the benefits to the bank
accrue. Because the unilateral approach lacks a direct
response, it may not be readily apparent that a unilateral
action results in a desired behavior at all and/or it may prove
difficult to detect or measure. For example, though there is
anecdotal evidence that line increases may spur increased
card usage, there may be countervailing evidence that many
account holders simply ignore line increases. While the effect
of pricing changes is often perceived to have the greatest
impact on driving customer behavior, because most price
changes increase the APR, called re-pricing, the resulting
effect is often to reduce card usage. Because the unilateral
approach may be fully implemented controlled and moni-
tored by the issuing bank, accurate modeling methods in this
regard have substantial value.

Although there are some known modeling methods for
granting initial credit, significantly fewer solutions exist
regarding the management of existing credit lines and pric-
ing. In one known methodology, statistical models are devel-
oped using a Bayesian approach and a Markov decision
model to make the initial credit granting decision. However,
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little research has been published that relates to adjusting the
base price of card products once issued. Of more immediate
relevance to the present invention is the decision to periodi-
cally change credit limits and pricing. Credit limit increases
for existing cardholders may be used as a tactical marketing
tool and are routinely made to increase card usage. Increasing
credit limits does, has been found to influence increased
spending among certain consumers. However, ithas also been
found that the more savvy consumers are not as readily
affected by credit limit increases. Additionally, it is believed
that some customers who pay their bills in full each month
may be completely insensitive to the base APR of their prod-
uct. Alternatively, pricing a card competitively can lead to
increased sales and usage by those customers who are price
sensitive.

Adding to the issue is the fact that the above understand-
ings have traditionally been studied in conjunction with the
effects of credit limit changes for a customer with a single
card. Since each modern customer typically has an average of
4.2 cards, the more interesting effects relate to seeing if
charges may be shifted from one to another due to a line
increase, even if the level of total debt for a cardholder does
not change, an effect known as balance migration. Since card
issuers typically see only activity on their card, and the vari-
ous credit bureaus only provide aggregate data over all bank-
card balances, it is often difficult to differentiate between new
activity and balance migration.

Conventionally, processes exist for making line manage-
ment decisions, but do not include policies for reducing cus-
tomer base APRs. One conventional approach for line change
decisions that is common in the credit card industry is known
as a decision tree analysis. In this approach, a portfolio is
segmented by models that predict a customer’s future risk,
profitability and likelihood of discontinuing card usage, or
attrition. Customer credit bureaus and internal card usage
information are also commonly used to define various seg-
ments. These variables measure payment, sales, bankcard
revolving balances, delinquency history, and so on. The mod-
els or scores and variables are grouped into intervals. The
inverted decision tree starts from a root variable and has as
many levels as the variables being used. At each level the tree
branches into each interval of that variable, and at the bottom
of the tree the leaf nodes specity the amount of credit line
increase to be given. An example decision rule may be “Ifthe
current credit line is $2000, and balance is $1500, then if the
risk score is 650, give a line increase of $1000, for risk scores
between 600 and 650, give a line increase of $750, etc.” There
are a number of commercial rule engines available to deploy
these decision criteria. Examples of such rule engines include
products from ILOG (JRules Version 4.0) and Fair Isaac and
Co. (TRIAD version 7.0).

In general, existing decision tree methodology for line
change or management has been in place for many years.
Some variables invalid in the decision tree are credit bureau
scores on risk, revenue, etc. Although these proprietary mod-
els are considered to be fairly accurate in projecting the future
earnings and losses of a customer, they may not be considered
sufficient in evaluating customer spending, usage and pay-
ment under different pricing and line change scenarios. For
example, these models used information on usage and pay-
ment over all cards and other debts (auto, mortgage, etc.) that
a cardholder has to predict delinquency and future profitabil-
ity. However, this information alone is not considered suffi-
cient in evaluating usage resulting from additional line
amounts or reductions in APR. The known decision tree
methodologies are also geared more towards using current
account behavior (such as utilization of current line) and is
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not capable of considering or predicting future account
behavior that may result from a change in line or price.

Additionally, at many card issuing institutions, line change
decisions are evaluated for each account periodically or every
so often, e.g., every few months or more frequently if neces-
sary. In addition, ad hoc line increases may be given in instore
situations where the cardholder bumps against their current
limit and would otherwise not be able to make a large ticket
purchase. Line increases are also evaluated as results of a
specific customer request to inbound call centers.

Limitations associated with prior business practices
present important opportunities for improvements in the
treatment of customers, operational difficulties and lost sav-
ings. First, credit lines and pricing are highly visible to cus-
tomers and result in a highly competitive business environ-
ment. Our goals is to offer a line and/or pricing change
consistent with the needs and utility that a customer would
derive from such actions while minimizing risk. Shortcom-
ings in stimulating sales and balance growth from a customer
base may well affect financial performance. From a risk man-
agement perspective, the amount of incremental net credit
loss incurred for the amount of line that a bank or card issuer
gives its customers is disproportionately large. Data suggests
that lines are more than competitive with the marketplace but
that dollars charged off relative to outstanding balances are
high. Second, pricing changes are conventionally triggered
by late payments. A customer’s APR may be increased based
on failure to make timely payment(s). Often, once the APR is
raised, it does not automatically decrease based on subse-
quent customer behavior. Pricing models are focused on pric-
ing at the time of acquisitions or pricing of convenience
checks.

Accordingly, there is a clear need in the area of predictive
financial modeling for a method and system for accurately
enabling credit line management and price management
according to a customer’s inherent needs and also incorpo-
rating any business rules consistent with the issuing bank’s
own business constraints regarding risk and return.

SUMMARY OF THE INVENTION

The present invention overcomes the problems noted
above, and provides additional advantages, by providing a
method and system for enabling the accurate determination of
price points, credit limits or lines, and other discretionary
levels associated with cardholders or other customers. The
inventive method and system may be used to maximize Net
Present Value (NPV) for a card issuer’s portfolio in consid-
eration of concerns such as risk of default. Furthermore, the
present invention may be used to improve a bankcard issuer’s
profit while balancing the dual criteria of growth and con-
tained losses. In accordance with one embodiment, the
present invention uses a Markov Decision Process (MDP)
methodology or model to generate a simplified transition
matrix representative of the potential state transitions for
account holders. This model applies, for example, account
level historical information on purchases, payments, profit-
ability and delinquency risk to make these decisions.

To achieve these advantages and in accordance with a
purpose of an embodiment of the present invention, as
embodied and broadly described herein, a method for man-
aging financial accounts comprises the steps of collecting
account data for a plurality of financial accounts, where the
account data are associated with a plurality of variables;
establishing at least one control variable and at least one
behavior variable based on the plurality of variables; deter-
mining a plurality of interval breakpoints for the at least one
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control variable and the at least one behavior variable; defin-
ing a plurality of account states based at least in part on the at
least one control variable, the at least one behavior variable
and the plurality of interval breakpoints; forming a transition
matrix based at least in part on the account data and the
plurality of account states; generating a Markov Decision
Process (MDP) model based at least in part on the transition
matrix; and using the Markov Decision Process model to
effect a change in the at least one control variable resulting in
a desired effect on the plurality of account states.

According to another embodiment of the present invention,
a computer readable medium having code for causing a pro-
cessor to manage financial accounts comprises code adapted
to collect account data for a plurality of financial accounts,
where the account data are associated with a plurality of
variables; code adapted to establish at least one control vari-
able and at least one behavior variable based on the plurality
of variables; code adapted to determine a plurality of interval
breakpoints for the at least one control variable and the at least
one behavior variable; code adapted to define a plurality of
account states based at least in part on the at least one control
variable, the at least one behavior variable and the plurality of
interval breakpoints; code adapted to form a transition matrix
based at least in part on the account data and the plurality of
account states; code adapted to generate a Markov Decision
Process (MDP) model based at least in part on the transition
matrix; and code adapted to use the Markov Decision Process
model to effect a change in the at least one control variable
resulting in a desired effect on the plurality of account states.

According to yet another embodiment of the present inven-
tion, a system for managing financial accounts comprises a
data collection module for collecting account data for a plu-
rality of financial accounts, where the account data are asso-
ciated with a plurality of variables; an establishment module
for establishing at least one control variable and at least one
behavior variable based on the plurality of variables; a deter-
mination module for determining a plurality of interval break-
points for the at least one control variable and the at least one
behavior variable; a definition module for defining a plurality
of account states based at least in part on the at least one
control variable, the at least one behavior variable and the
plurality of interval breakpoints; a formation module for
forming a transition matrix based at least in part on the
account data and the plurality of account states; a generation
module for generating a Markov Decision Process (MDP)
model based at least in part on the transition matrix; and a
decision module for using the Markov Decision Process
model to effect a change in the at least one control variable
resulting in a desired effect on the plurality of account states.

According to yet another embodiment of the present inven-
tion, a system for managing financial accounts comprises
means for collecting account data for a plurality of financial
accounts, where the account data are associated with a plu-
rality of variables; means for establishing at least one control
variable and at least one behavior variable based on the plu-
rality of variables; means for determining a plurality of inter-
val breakpoints for the at least one control variable and the at
least one behavior variable; means for defining a plurality of
account states based at least in part on the at least one control
variable, the at least one behavior variable and the plurality of
interval breakpoints; means for forming a transition matrix
based at least in part on the account data and the plurality of
account states; means for generating a Markov Decision Pro-
cess (MDP) model based at least in part on the transition
matrix; and means for using the Markov Decision Process
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model to effect a change in the at least one control variable
resulting in a desired effect on each of the plurality of account
states.

One embodiment of the present invention also provides a
data-structure construct that is flexible in creating transition
matrices of different sizes and levels of sparsity. For example,
a transition matrix can be implemented using simple rectan-
gular arrays. However, data sparsity may result in a rectan-
gular array containing a large number of “0” elements. Out of
consideration for memory and resource usage, the present
invention may incorporate a bi-directional linked list and tree
structure for the implementation of the methodology. This
approach may be useful in the specific requirements of the
control-behavioral state combinations. In addition, each state
also contains important financial metrics and simulation sta-
tistics, and these cannot be easily encapsulated in a state by
means of a simple rectangular array data structure. The data
structure may be generic to most programming languages
available in the computer industry.

BRIEF DESCRIPTION OF THE DRAWINGS

The present invention can be understood more completely
by reading the following Detailed Description of exemplary
embodiments, in conjunction with the accompanying draw-
ings, in which:

FIG. 1 is a flow diagram illustrating one embodiment of a
method for formulating and implementing the Portfolio Con-
trol and Optimization model of the present invention.

FIG. 2 is a flow diagram illustrating one embodiment of a
method for simplifying a MDP transition matrix.

FIG. 3 includes an exemplary transition table and associ-
ated transition matrix in non-simplified format.

FIG. 4 includes an exemplary transition table and associ-
ated transition matrix in simplified format.

FIG. 5 is a flow diagram illustrating one embodiment of a
method for testing the applicability of the Portfolio Control
and Optimization model.

FIG. 6 is a flow diagram illustrating one embodiment of a
method for validating the portfolio control and optimization
model using Monte Carlo simulations.

FIG. 7 is a tree diagram illustrating one embodiment of a
data structure for creating transition tables in different sizes.

FIG. 8 includes an exemplary policy lookup table in accor-
dance with one embodiment of the present invention.

FIG. 9 includes a table illustrating exemplary sets of break-
point intervals in accordance with an embodiment of the
present invention.

DETAILED DESCRIPTION OF THE PREFERRED
EMBODIMENTS

A Markov Decision Process (MDP) based approach
enables future behavior modeling by way of a transition
matrix, a very effective and accurate method for modeling
behavior. Unfortunately, an impediment to the widespread
commercial use of this methodology is the so-called curse of
dimensionality (i.e., the problem size increases exponentially
with the number of variables included). The present invention
addresses and solves this problem, thereby enabling the effec-
tive use of a MDP-based approach. The model of the present
invention is hereinafter referred to as the Portfolio Control
and Optimization model.

Referring now to FIG. 1, there is shown a flow diagram
illustrating one embodiment of a method for formulating and
implementing the Portfolio Control and Optimization model
of'the present invention. Initially, in step 100, time-series data
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for each of a plurality of credit accounts is collected on a
number of variables that may eventually be included within
the MDP model. In one embodiment, such variables may
include: credit bureau variables; credit bureau scores; (e.g.,
predicting customer risk, revenue, bankruptcy, response to
new offers, etc.), and account performance data (e.g.,
monthly purchases, cash advances, payments, balances, net
cash flows (NCF), credit losses, credit line, delinquency sta-
tus, APR, response to convenience checks, etc.).

Next, in step 102, the listing of variables is separated into
control variables (those that the bank controls, such as credit
limit and APR), and behavior variables (most of the rest,
which the cardholder dictates or influences). Next, a regres-
sion tree analysis is done to select a set of behavior variables
that were most predictive of profitability, e.g. as measured by
NCF in step 104. In one embodiment, the resulting set
includes six behavior variables that span the main dimensions
of customer behavior (e.g. risk, card use, revolving activity,
purchases and payments etc.).

The next step is to determine interval breakpoints for each
of these variables in step 106. In one construct, four break-
point intervals are created for two of the variables, three
breakpoint intervals are created for another two variables and
two breakpoint intervals are created for the final two vari-
ables. In this embodiment, the breakpoint intervals are
decided based upon one or more of the regression tree analy-
sis results, characteristic distributions and statistical quality
pertaining to cell sizes and sparsity. According to some
embodiments of the present invention, the interval break-
points for a level may be bounded on purpose. For example,
customers with very high credit lines may be grouped
together in the topmost range and may not be allowed any
further increases in their credit lines. In accordance with an
embodiment of the present invention, the groupings of the
control variables may be based on business factors more than
on data.

Since a goal of the present model is to manage both credit
lines and pricing, credit limit and APR may be established as
the two control variables in step 107. However, it should be
appreciated that the present invention may also be applied to
manage one variable at a time, i.e. in a stand-alone manner.
Breakpoint intervals may be based on the step size of change
to be given to customers in terms of credit lines and pricing.
In one example as illustrated in FIG. 9, ten breakpoint inter-
vals are set for the credit limit variable and five breakpoint
intervals are set for the APR variable in step 108.

Using the collected data as well as various assumptions and
simplification techniques described in additional detail
below, a simplified transition matrix is formed in step 110.
FIG. 2 is a flow diagram representing one embodiment of the
transition matrix formation step 110.

In this exemplary embodiment, a complete set of eight
variables (two control variables and six behavior variables)
collectively represents the state in which an account can be
slotted into in any month of the time series data. For example,
an account in month June may be in state (13; 112312),
meaning that it is in the first interval of credit limit, the third
interval of APR, the first interval of behavior variables 1 and
2, the second interval of behavior variable 3, the third interval
ofbehavior variable 4, the first interval of behavior variable 5,
and the second interval of behavior variable 6 (the semicolon
separates the control variables from the behavior variables).
One example of a state transition would be a move to state
(14; 421322) in the next month, July. Since the collected data
of'this example included 18 months of data for each account,
17 state transitions may be observed for each account.
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According to an embodiment of the present invention, it
may be desirable to verify that the states defined by the set of
variables satisfy the Markovian assumption, which is the
basis for using an MDP model. The Markovian assumption is
that the transitions from a state in one period to another in the
next period are path independent. Path independence means
that the probability of moving from state x to state y depends
only on X, regardless of which states and actions preceded the
move to state x. [f this assumption is unrealistic given the way
the state is defined, one way to accommodate the assumption
is to redefine the state such that it carries some (finite) history
with it. One way to do this, for example, is by concatenating
the states in two successive periods to define a new state. For
example, the state x may be defined as ux and vx, depending
on whether the account got to x from u or from v. However,
this approach may increase the state space considerably.
Another way to reduce the likelihood of violating the assump-
tion of path independence is to identify variables that carry
some history. For example, most card issuers segment their
customers as revolvers (those who carry balances), transac-
tors (those who pay off the whole amount every month), and
inactives (those who are not using the card). Most accounts
are stable in these segments over several months, and by
choosing the segment as one of the behavior variables, the
state transitions may be more likely to be path independent.
According to an embodiment of the invention, some other
variables such as three-month averages may be chosen to
incorporate some history and reduce the volatility in the val-
ues observed.

Since the representative sampling in this example included
data regarding three million accounts, 51 million transitions
would need to be examined to include each account. Tradi-
tionally, information from each of these transitions would be
used to create the transition matrices of the present invention.
As briefly described above, transition matrices are used in
MDP models to describe how entities (accounts in this
example) move from one state to another in the model from
period to period (months in this example). Transition matrices
are rectangular matrices with the number of rows and col-
umns corresponding to the number of states in the system.
The entries in the transition matrix are mathematically
denoted by p(jls) which corresponds to the probability p of the
account transitioning from state s in a period to state j in the
next period. Since each account has to transition to one of the
available states in the next period (including the originating
state), the sum of each row in the transition matrix is 1.

By way of explanation, a typical transition matrix forma-
tion may be illustrated by constructing a transition matrix for
a simple case having only two state variables, one of which is
a control variable which can take two levels, and the other
being a behavior variable, which can take three levels. For the
ten possible transitions shown in FIG. 3(a), a transition matrix
can be created, as shown in FIG. 3(5).

In one embodiment of the present invention a model has
two control or decision variables with 10 and 5 levels respec-
tively, and six behavior variables with 4, 4,3, 3, 2 and 2 levels
respectively. Using the above described procedure would
result in a massive transition matrix having a size of
10%5%4%4%3*3%2%2=28 800 rows as well as a large number
of columns. Further, transition matrix formation of this
nature, separate transition matrices need to be established for
each discrete action. In this embodiment, potential actions
include credit line increases, credit line decreases, price
increases, price decreases, no line changes, and no price
changes, that would amount to nine different transition matri-
ces of 28,800 rows and columns each. The 51 million transi-
tions available from the exemplary data set are not enough to
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fully populate such a large transition matrix, resulting in
transition matrices that are very sparse.

Accordingly, in step 200, the first simplification is made to
remove control variable changes from behavior transitions,
since the control variable changes reflect actions by the bank
and not by the account holder. Further, control variable
changes typically are much less frequent than behavior vari-
able changes. However, it would not be prudent to ignore
control variables completely, because the behavior of a per-
son with a credit line of $10,000 could be quite different from
that of a person with a credit limit of $2,000, all other behavior
variables being at the same levels in both cases.

In step 202, transition matrices are created wherein the
“from” states in the transition matrix include both control and
behavior variables, while the “to” states contain only behav-
ior variables. In step 204, transitions in which control vari-
ables change are removed from the matrices significantly
reducing the number of cells. FIG. 4(5) shows the creation of
such a transition matrix using the same data as in FIG. 3. Note
that the control variable changes in transitions 4 and 9 in FI1G.
3, and have thus been removed from consideration in FIG.
4(b). The corresponding listing of included transitions is also
shown in FIG. 4(a).

As can be seen from the examples shown in FIGS. 3 and 4,
instead of the original 36 cells in the transition matrix shown
in FIG. 3(b), now there are only 18 cells in the matrix of FIG.
4(b). Returning to the model of the exemplary embodiment,
the number of original cells (28,800%28,800=829.44 million)
would reduce to (28,800*576=16.6 million), a 50 fold reduc-
tion.

The next simplification step is the combination of low
frequency rows that had very few transitions to adjoining
rows using a simple greedy heuristic in step 206. This reduces
the number of rows to less than 14,000. A similar exercise for
the columns in step 208 reduces the columns to about 200,
requiring the population of approximately 2 million cells. For
each of these 14,000 rows the average Net Cash Flow (NCF)
of'being in that row was computed from the data in step 210.
According to an embodiment of the present invention, various
components of NCF or profitability that are important in the
card issuer’s decisions.

Typical MDP methodology would require the creation of
transition matrices for each kind of action to be considered in
the model. This would imply that in the MDP model when a
change action is taken, the behavior would be derived from
that transition matrix. When no change is being considered
the behavior would be derived from a “do nothing” transition
matrix. In the present context this would mean that the effect
of the change would be felt only in the period of the change
(say once in six months), and in other periods the “do noth-
ing” transition matrix would be used.

Typically the effect of a line increase may take a few
periods to drive changes in customer behavior. Thus using a
different transition matrix created from data only pertaining
to the periods where such changes were made in the past may
be unrepresentative. In the exemplary embodiment the
assumption is made in step 212 that the behavior of an
account that was given a line increase (say from Line 1 to 3)
becomes identical to the accounts that have higher lines (in
this case Line 3) but the same behavior variable levels. For
example, referring to the example of FI1G. 4(b), if an account
is in state 13 and the control variable was increased from 1 to
2, then from the next period the account would transition as if
the account were in state 23 (the control variable changes, but
the behavior variable stays the same).

This assumption simplifies the model considerably
because it is no longer necessary to have separate transition
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matrices for each action. Rather, all that was necessary was to
re-index to another row (corresponding to the action) and
proceed to transitioning as before. This approach works for
changes in both directions, increases and decreases, for both
line and price. One limitation to this simplification exists at
the boundary (the highest and lowest levels of the variables).
No change is possible, since one cannot re-index to a level
beyond the boundary levels.

Another consideration is that in certain rare situations re-
indexing would move a customer to a non-existent row or
column, since combining them with others had already elimi-
nated many low frequency rows and columns. In such cases,
a simple greedy heuristic is used to re-index these entries
instead to a proximate row or column in step 214. This pro-
cess is complicated by proximity in this embodiment where
there are 8 dimensions (one for each variable) and many rows
or columns may appear close to the one that is needed after
re-indexing based on closeness to different variable levels—
some may be close on one variable but far on others, whereas
others may be the opposite. Decisions need to be made
regarding which of these rows to choose as a proxy for the
missing row.

Returning now to FIG. 1, once the above simplifications
have been used to generate the transition matrix, the Portfolio
Control and Optimization model is generated in step 112. The
objective of the Portfolio Control and Optimization model is
to create a set of actions that maximize or enhance the
expected future profits (i.e., the Net Present Value, NPV) of
the portfolio subject to transitioning dynamics. This can be
formulated as the following homogeneous MDP model that
can be solved recursively for a particular time horizon:

Vils) = aemi’j{’“a) +BY, Pl saVint (j)}

Jjes

where V (s) is the optimal discounted NPV in state s and time
t, A, is the set of actions o available in state s, r(s,,) is the Net
Cash Flow (NCF) in state s when offset (as explained before)
for the action a taken, f is the one period discount factor, and
p(lsy) is the transition probability that specifies the likeli-
hood of moving to state j from the (offset) state s, and S is the
set of all states. In one embodiment of the present invention,
the model may be limited to only 1-step and 2-step jumps in
either direction. The following is a more detailed description
of such a model:
States: At each time period, t, the system occupies a state
defined by s=(x,y), where x is a set of control variables and

y is a set of behavior variables. Let the highest values in x

be denoted by x" and the lowest values by x'.

Actions: In each state (X,y), the set of actions A(X,y) consists
of some or all of the following actions

1. Do nothing, o, =0.

2. Increase x, to min(x,+a,, X,"), that is, an increase cannot
take the system to a state higher than the maximum
allowable.

3. Decrease x, to max(x,—a.,, X,') that is, a decrease cannot
take the system to a state lower than the minimum allow-
able.

Limited to only 1-step and 2-step jumps in either direction.

Rewards: In each state (X,y), a net cash flow of r(x,y) is
received. These could be positive or negative. In charge-off
states, the reward will be negative. This would also be true
in the inactive states.
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Transition Matrices The transitions from state to state are
represented by a transition matrix P, with elements p(x,y;
1), where columns j correspond to behavior states only and

Z p(x, y; j) =1 for each state (x, y).
jes

Since the transition matrix models transitions every month,
but credit line and pricing updates may only be made peri-
odically, the recursive functional equation for the Portfolio
Control and Optimization model may be described as:

max rx+a;, y)+
a,cAlx,y)

BY. plxta, y, Virlrxai, )
Jjes

PO 9+ B pe, ¥ Vir (5 )

Jjes

if r = update epoch
Vilx, y) =

otherise

Vxy)=r(xy)

That is, in months where no line change or price change
occurs (“update months™), no action is taken and the transi-
tion matrix is used to model transitions of the system into
states in the next period. During decision epochs, actions are
evaluated by re-indexing the control variable part of the state
definition and the transition matrix. In the above model, T is
the time horizon for which the model is solved; at which point
the terminal rewards are collected as stated above. 3 is the one
period discount factor.

Similar to many optimization problems, there are con-
straints to be considered in setting up the present model. In
this embodiment, constraints include business rules includ-
ing, for example, not giving line increases to customers at risk
of defaulting in the future (e.g., those with risk scores below
a certain threshold), etc. Since it is difficult to incorporate
constraints in an MDP approach, the present embodiment
incorporates such constraints using a “back end” approach.
Accordingly, in step 114 of FIG. 1, the optimal solutions
produced by the Portfolio Control and Optimization model
may be subjected to business rules constraints for implemen-
tation in a campaign. These may include limiting the percent-
age of accounts to be treated by an action (credit line change
and/or APR change) so as to agree with a campaign budget,
and not treating those accounts whose risk profile is unfavor-
able.

The output of the Portfolio Control and Optimization
model is a policy that prescribes the optimal line and/or price
changes (including “Do nothing”) for each of the 14,000
states in our model. Instead of solving this model in real time,
the present invention contemplates creating an easy to use
lookup table, an example of which is shown in FIG. 8, in step
116 that would prescribe an action for each of the states.

Once the table has been created, a decision may be made in
step 118 regarding whether to give a given cardholder a line
change, a rate change, no changes, or any combination of
these. Corresponding actions may be taken out in steps 120,
122, 124 and 125.

Regarding the adaptive aspect of the present invention, in
one embodiment, the process also records cardholder account
behavior in step 126 and scores each cardholder periodically
to slot them in one of our behavior states in step 128. Once this
is done, the policy table specifies the optimal action that needs
to be taken in response to customer actions. In the long term,
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the transition matrix and NCF information for each state is
preferably recreated every twelve months or so, as the
economy or bank practices change.

Referring now to FIG. 5, there is shown a flow diagram
illustrating one method for testing the applicability of the
Portfolio Control and Optimization model the creation of
which is described in detail above. Initially, in step 500, three
sets of numbers are generated: a first set relating to the NPV
from the time series data for the 3 million accounts of this
example; a second set relating to the NPV from the Portfolio
Control and Optimization model; and a third set relating to the
NPV from using only the “do nothing” action in each state of
the Portfolio Control and Optimization model. Agreement
between the first and third number sets is determined in step
502. It can be seen that an agreement between the first and
third sets of numbers would verify that the transition matrix
was correctly generated and that the assumptions underlying
the simplification of the rectangular transition matrix and the
action independent transition matrix were appropriate. In the
present embodiment, it was determined that the difference in
these two sets of numbers was not significant. A 12.5%
improvement in NPV was identified by using the portfolio
control and optimization model over the time series data.

Next, in step 504, the transition matrices are validated by
using a separate validation data set and comparing the NCFs
and delinquencies, etc., generated by taking the “do nothing”
decision in each state of the MDP using the original transition
matrix and the time series generated by the validation data set.
Through this analysis, the robustness of the present model on
a different sample can be seen. Additionally, this analysis also
confirmed that the portfolio control and optimization model
was accurate in projecting key profitability components such
as outstanding balances and net credit losses.

The next step 506 is to run Monte Carlo simulations to
obtain the distribution of NPV from using the portfolio con-
trol and optimization model. The MDP model only gives the
average NPV, and does not give a sense of the dispersion of
the number around the mean. Since financial services firms
are concerned about risk, this lack of information on disper-
sion presents an issue.

Monte Carlo simulations can provide this information.
Turning now to FIG. 6, there is shown a flow diagram illus-
trating one embodiment of a method for validating the port-
folio control and optimization model using Monte Carlo
simulations. In this embodiment, Monte Carlo simulations
are conducted using processes generated by the portfolio
control and optimization model in each state and running for
a period of 36 months, for example. This is done by initially
starting in each of the 14,000 states in step 600 which
becomes the initial (x,, y,) in step 601. Next, the accounts are
permitted to randomly transit from state to state using the
transition matrix, and in review periods take the desired
action as specified by the portfolio control and optimization
model (a line change, price change, a combination, or do
nothing) in step 602. For each period the NCF is collected for
being in that state in step 604. These values are discounted
back to the starting time period to obtain the NPV in step 606.

Once the data is collected, at step 608 it is determined,
whether the state is closed. If not, it is determined in step 610
whether all 36 months for the given initial state have been
completed. If all 36 months of the simulation have not been
completed, the time is iterated in step 612 and the process
returns to step 601 for the new time t. If all 36 months of
simulation have been completed or ifit is a closed state this is
considered a complete sample path. It is next determined in
step 614 whether enough sample paths have been simulated
(10,000 in the current scenario). If not, a new state seed is
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generated in step 616 and the process returns to step 600 for
the new initial state. The overall NPV is obtained by condi-
tioning on the probability of starting from each state, which is
known from the data set.

Referring now to FIG. 7, there is shown a data structure
constructed to implement a transition matrix computationally
in different sizes. More particularly, the data structure of FIG.
7 incorporates the methodology of an embodiment of the
present invention in a manner consistent with many potential
programming languages and should not be limited to any
particular programming language. Each “transition matrix”
tree may have the following components: a control branch
700, a behavior node 706 and a transition probability node
712.

Regarding the Control Branch of type TreeS (700), its null
pointer is explicitly typed TrNull. Each control branch 700 is
a member of a bi-directional linked list that contains the
following elements: control variable C; a bi-directional
linked list (702) of all behavioral state nodes, with X as the
beginning node and Xe as the ending node; and an array of
action specific destinations (704) of a control variable dst[ |.

Regarding the Behavior Node of type State (706), its null
pointer may be explicitly typed StNull. Each behavior node
706 may be a member of a bi-directional linked list that
contains one or more of the following elements: the behav-
ioral state variable B; arrays of financial metrics and simula-
tion statistics (not shown in the diagram); an array Y[ | of
action specific destinations (708) of the behavioral variable;
and a bi-directional linked list (710) of all behavioral transi-
tions.

Regarding the Transition Probability Node of type VProb
(712), its null pointer may be explicitly typed VcNull. Each
transition probability node may be a member of a bi-direc-
tional linked list that contains the following elements: the
destination behavioral state variables (also denoted as B); a
list of destination pointers Z (714) of destination behavior
nodes that have non-zero transition probabilities; and a list of
transition probability values of all destination points (and
these values sum to 1).

The entire “transition matrix” tree may begin with the root
location, e.g., called Head of type TreeS (716). One may
traverse the tree back and forth using all bi-directional links.
However, it is designed to have points such as Y[ ] and Z to
help accessing the tree more directly and efficiently.

By providing a usable methodology for predicting cus-
tomer response to both credit line and price adjustments, the
present invention enables issuing institutions to more effec-
tively manage credit lines and pricing on its accounts, with a
goal towards maximizing card usage while keeping business
risks in mind.

According to embodiments of the present invention, the
portfolio control and optimization model may be revised to
apply to customers who have affinity-card products (e.g. air-
line reward cards). The methodology in accordance with the
present invention may also be applied to customers who have
multiple relationships with one financial entity (e.g. custom-
ers who have banking accounts, credit card accounts and
investment accounts with a same bank). According to an
embodiment of the present invention, the Markov Decision
Process may be implemented in conjunction with integer
programming to incorporate business rules constraints more
directly into the portfolio control and optimization model.

According to an embodiment of the present invention, the
portfolio control and optimization model and methodology
may be implemented on computer(s) or a computer-based
network. The method as exemplarily illustrated in the draw-
ings and described above, may be programmed into a com-
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puter software that is encoded onto computer readable media,
such as floppy disks, hard disks, compact disks and flash
memory devices. The computer software may be run on a
general-purpose or specialized computer or computer-based
network to cause the computer or computer-based network to
perform the encoded functions.

Other embodiments, uses and advantages of the present
invention will be apparent to those skilled in the art from
consideration of the specification and practice of the present
invention disclosed herein.

While the foregoing description includes many details and
specificities, it is to be understood that these have been
included for purposes of explanation only, and are not to be
interpreted as limitations of the present invention. Many
modifications to the embodiments described above can be
made without departing from the spirit and scope of the
invention, as is intended to be encompassed by the following
claims and their legal equivalents.

What is claimed is:

1. A computer implemented method for managing finan-
cial accounts by changing at least one control variable includ-
ing at least one of a credit line and an annual percentage rate,
the method comprising:

collecting and storing in one or more storage devices

account data for a plurality of financial accounts, where
the account data are associated with a plurality of vari-
ables;
establishing at least one control variable and at least one
behavior variable based on the plurality of variables;

determining, by a data processor, a plurality of interval
breakpoints for the at least one control variable and the at
least one behavior variable;

defining a plurality of account states based on the at least

one control variable, the at least one behavior variable
and the plurality of interval breakpoints;
forming a transition matrix based at least in part on the
account data and the plurality of account states;

generating a Markov Decision Process (MDP) model
based at least in part on the transition matrix;

generating a policy lookup table based on an output of the
Markov Decision Process model, the policy lookup table
listing pricing actions to be taken in response to the
plurality of account states, each pricing action compris-
ing changing or maintaining at least one control variable
including at least one of a credit line and an annual
percentage rate;

determining behavior variable data associated with a finan-

cial account;

slotting the financial account into one of the plurality of

account states based at least in part on the determined
behavior variable data associated with the financial
account; and

determining, from the policy lookup table and based on the

slotted account state, at least one pricing action to be
taken on the financial account.

2. The method according to claim 1, further comprising:

applying business rules to the output of the Markov Deci-

sion Process model.

3. The method according to claim 1, further comprising:

periodically re-evaluating pricing actions for at least one of

the plurality of financial accounts by:

determining behavior variable data associated with the
at least one financial account;

slotting the at least one financial account into one of the
plurality of account states based at least in part on the
determined behavior variable data associated with the
at least one financial account; and
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determining, from the policy lookup table and based on
the slotted account state, at least one pricing action to
be taken on the at least one financial account.

4. The method according to claim 1, where the account data
comprise time-series data on at least one of:

(a) credit bureau variables;

(b) credit bureau scores; and

(c) bankcard account performance.

5. The method according to claim 1, where the policy
lookup table is generated to achieve a desired effect associ-
ated with at least one of the financial accounts’:

(a) net cash flow (NCF);

(b) balance migration; or

(c) risk of credit losses.

6. The method according to claim 1, further comprising:

performing a regression tree analysis on the plurality of
variables;

establishing the at least one behavior variable based on the
regression tree analysis; and

determining the plurality of interval breakpoints for each of
the at least one behavior variable based on the regression
tree analysis.

7. The method according to claim 1, further comprising
simplifying the transition matrix based on one or more of the
following techniques:

(a) creating a rectangular transition matrix with rows for
the at least one control variable and the at least one
behavioral variable, and columns for the at least one
behavior variable only;

(b) combining at least one row of a transition matrix with
an adjoining row, where the at least one row is charac-
terized with low-frequency transitions;

(c) combining at least one column of a transition matrix
with an adjoining column, where the at least one column
is characterized with low-frequency transitions; and

(d) re-indexing a transition matrix to correctly capture all
past and future account transitions.

8. The method according to claim 1, further comprising:

validating and supplementing the output of the Markov
Decision Process model through a Monte Carlo simula-
tion, where the Monte Carlo simulation is based at least
partially on the account data.

9. The method of claim 1, wherein a Portfolio Control and

Optimization model is represented as:

max r(xta, y)+
@, €A, Y)

BY. pata, y; Velrxar, j)
Jjes

PO 9+ B pe, ¥ Vir (5 )

Jjes

if r = update epoch
Vilx, y) =

otherise

Vxy)=r(xy)

wherein,

V (x,y) is the optimal discounted Net Present Value (NPV)
in state (x,y) and time t;

A(x.y) is a set of actions a, available in state (x,y);

r(x,y) is the Net Cash Flow (NCF) in state (x,y);

r(xxa,, y) is the Net Cash Flow (NCF) in state (x,y) when
offset for the action ¢, taken;

[ is a one period discount factor;

p(xxa,.y; j) is the transition probability that specifies the
likelihood of moving to state j from the sate (xxc,.y);
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S is the set of all states; and

T is the time horizon for which the model is solved.

10. A non-transitory computer readable medium for caus-
ing a processor to manage financial accounts by changing at
least one control variable including at least one of a credit line
and an annual percentage rate, the computer readable medium
comprising one or more instructions for performing the fol-
lowing:

collecting and storing in one or more storage devices

account data for a plurality of financial accounts, where
the account data are associated with a plurality of vari-
ables;
establishing at least one control variable and at least one
behavior variable based on the plurality of variables;

determining, by a data processor, a plurality of interval
breakpoints for the at least one control variable and the at
least one behavior variable;

defining a plurality of account states based on the at least

one control variable, the at least one behavior variable
and the plurality of interval breakpoints;
forming a transition matrix based at least in part on the
account data and the plurality of account states;

generating a Markov Decision Process (MDP) model
based at least in part on the transition matrix;

generating a policy lookup table based on an output of the
Markov Decision Process model, the policy lookup table
listing pricing actions to be taken in response to the
plurality of account states, each pricing action compris-
ing changing or maintaining at least one control variable
including at least one of a credit line and an annual
percentage rate;

determining behavior variable data associated with a finan-

cial account;

slotting the financial account into one of the plurality of

account states based at least in part on the determined
behavior variable data associated with the financial
account; and

determining, from the policy lookup table and based on the

slotted account state, at least one pricing action to be
taken on the financial account.

11. The non-transitory computer readable medium accord-
ing to claim 10, further comprising instructions for:

applying business rules to the output of the Markov Deci-

sion Process model.

12. The non-transitory computer readable medium accord-
ing to claim 10, further comprising instructions for:

periodically re-evaluating pricing actions for at least one of

the plurality of financial accounts by:

determining behavior variable data associated with the
at least one financial account;

slotting the at least one financial account into one of the
plurality of account states based at least in part on the
determined behavior variable data associated with the
at least one financial account; and

determining, from the policy lookup table and based on
the slotted account state, at least one pricing action to
be taken on the at least one financial account.

13. The non-transitory computer readable medium accord-
ing to claim 10, where the account data comprise time-series
data on at least one of:

(a) credit bureau variables;

(b) credit bureau scores; and

(c) bankcard account performance.

14. The non-transitory computer readable medium accord-
ing to claim 10, where the policy lookup table is generated to
achieve a desired effect associated with at least one of the
financial accounts’:

16

(a) net cash flow (NCF);

(b) balance migration; or

(c) risk of credit losses.

15. The non-transitory computer readable medium accord-

5 ing to claim 10, further comprising instructions for:

performing a regression tree analysis on the plurality of
variables;

establishing the at least one behavior variable based on the
regression tree analysis; and

10 determining the plurality of interval breakpoints for each of
the at least one behavior variable based on the regression
tree analysis.

16. The non-transitory computer readable medium accord-

15 ingto claim 10, further comprising instructions for simplify-

ing the transition matrix based on one or more of the follow-
ing techniques:

(a) creating a rectangular transition matrix with rows for
the at least one control variable and the at least one

20 behavioral variable, and columns for the at least one

behavior variable only;

(b) combining at least one row of a transition matrix with
an adjoining row, where the at least one row is charac-
terized with low-frequency transitions;

25 (c) combining at least one column of a transition matrix
with an adjoining column, where the at least one column
is characterized with low-frequency transitions; and

(d) re-indexing a transition matrix to correctly capture all

past and future account transitions.

17. The non-transitory computer readable medium accord-
ing to claim 10, further comprising instructions for validating
and supplementing the output of the Markov Decision Pro-
cess model through a Monte Carlo simulation, where the
Monte Carlo simulation is based at least partially on the
account data.

18. A computer implemented system for managing finan-
cial accounts by changing at least one control variable includ-
ing at least one of a credit line and an annual percentage rate,
40 the method, the system comprising:

at least one data processor and one or more storage devices
that are adapted to:
collect and store in the one or more storage devices

account data for a plurality of financial accounts,

45 where the account data are associated with a plurality

of variables;
establish at least one control variable and at least one
behavior variable based on the plurality of variables;
determine a plurality of interval breakpoints for the at

50 least one control variable and the at least one behavior

variable;

define a plurality of account states based on the at least
one control variable, the at least one behavior variable
and the plurality of interval breakpoints;

55 form a transition matrix based at least in part on the

account data and the plurality of account states;
generate a Markov Decision Process (MDP) model

based at least in part on the transition matrix;
generate a policy lookup table based on an output of the

60 Markov Decision Process model, the policy lookup

table listing pricing actions to be taken in response to
the plurality of account states, each pricing action
comprising changing or maintaining at least one con-
trol variable including at least one of a credit line and

65 an annual percentage rate;

determine behavior variable data associated with a
financial account;

30
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slot the financial account into one of the plurality of
account states based at least in part on the determined
behavior variable data associated with the financial
account; and
determine, from the policy lookup table and based on the
slotted account state, at least one pricing action to be
taken on the financial account.
19. The system according to claim 18, wherein the at least
one processor is further adapted to:
apply business rules to the output of the Markov Decision
Process model.
20. The system according to claim 18, wherein the at least
one processor is further adapted to:
periodically re-evaluate pricing actions for at least one of
the plurality of financial accounts by:
determining behavior variable data associated with the
at least one financial account;
slotting the at least one financial account into one of the
plurality of account states based at least in part on the
determined behavior variable data associated with the
at least one financial account; and
determining, from the policy lookup table and based on
the slotted account state, at least one pricing action to
be taken on the at least one financial account.
21. The system according to claim 18, where the account
data comprise time-series data on at least one of:
(a) credit bureau variables;
(b) credit bureau scores; and
(c) bankcard account performance.
22. The system according to claim 18, where the policy
lookup table is generated to achieve a desired effect associ-
ated with at least one of the financial accounts’:
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(a) net cash flow (NCF);

(b) balance migration; or

(c) risk of credit losses.

23. The system according to claim 18, wherein the at least
one processor is further adapted to:

perform a regression tree analysis on the plurality of vari-
ables;

establish the at least one behavior variable based on the
regression tree analysis; and

determine the plurality of interval breakpoints for each of
the at least one behavior variable based on the regression
tree analysis.

24. The system according to claim 18, wherein the at least
one processor is further adapted to simplify the transition
matrix based on one or more of the following techniques:

(a) creating a rectangular transition matrix with rows for
the at least one control variable and the at least one
behavioral variable, and columns for the at least one
behavior variable only;

(b) combining at least one row of a transition matrix with
an adjoining row, where the at least one row is charac-
terized with low-frequency transitions;

(c) combining at least one column of a transition matrix
with an adjoining column, where the at least one column
is characterized with low-frequency transitions; and

(d) re-indexing a transition matrix to correctly capture all
past and future account transitions.

25. The system according to claim 18, wherein the at least

one processor is further adapted to:

validate and supplement the output of the Markov Decision
Process model through a Monte Carlo simulation, where
the Monte Carlo simulation is based at least partially on
the account data.
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